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Abstract
Forecasting or prediction is one of the most crucial aspects of planning for many companies.

Data-driven decisions can only be as accurate as the prediction they are based on. Some

of the decisions include production planning, inventory management, and various resource

allocation. Sales information is really multi-dimensional, and as a result not easy to anal-

yse. Our motivation is to reduce the high dimension of this information, select optimal

contributing variables with the aim of making accurate and reliable sales predictions. The

purpose of this study is to compare the performance of four restricted regressions. This

involves looking at Ridge, Lasso, Relaxed net and Elastic net regressions and assessing their

performance in prediction when dealing with high dimensional data. The proposed method

will involve comparison of the four mentioned regularized techniques, citing their restrictions

and evaluating their prediction model performance. We will also involve data simulation to

test the different models. The simulations are done under different scenarios to present the

reality of a market setting. Afterwards, we will select the best model and use it to fit our

real sales dataset provided by one of the leading ECMCs in Kenya. On this basis, elastic

net offered best predictions based. The evaluating metrics for this models are Root Mean

Squared Error (RMSE), Mean Absolute Error (MAE) and R-Squared (R2). However, the

desired model based on R2 kept shifting under different scenarios to Lasso, Ridge and Elastic

net.

The results indicated that the regularized approaches especially elastic net are capable

of dealing with non-linearity and fluctuating dynamics in manufacturing industry while

predicting electrical cable sales accurately.

Key words: Prediction, ECMCs, Regularized techniques, Simulation, Sales data, RMSE.
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Chapter 1

Introduction

1.1 Background to the study

Accurate sales prediction is an important aspect for companies to augment their profits,

reduce the cost, and achieve greater flexibility to sales parameters. In other words, precise

sales prediction is utilized for capturing the trade-off between customer demand satisfaction

and inventory costs Gupta et al. (2000). Electrical Cable manufacturing Companies in Kenya

are mainly owned and ran by independent Sole-proprietors or group of companies, who buy

raw materials for their own accounts from foreign suppliers, manufacture electrical cables

and sell to their customers (Traders, Contractors and Developers). These manufacturers sell

their finished cables to distributors or users through face-to-face commonly walk in customers

to their factories, web ordering, or telemarketing. However, in some cases, these distributors

also have their importers and their own imported cable. This brings in the competition and

the ever-changing environment in this industry. A basic consumer link from the manufacture

to the final user is shown Figure 1.1. This is to illustrate the flow chain from raw material

acquisition to manufacturing to the end user.
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Figure 1.1: ECMC Distribution Channels Presentation From Production to the End User.

Electrical cable manufacturing companies are faced with several challenges. These include:

huge amount of raw materials, increased competition, fluctuating price and demand, and

the pressure to meet customers’ needs by delivering the right quality of cables to the right

place and at the right time. To maintain all these successfully, accurate sales prediction

is a necessity. In this research, we have collected the required sales data from one of the

large ECMCs, which distributes its products widely in Kenya. To retain its leading market

position, this company needs to maintain large inventories to avoid any chance of stock out

in order to meet its customers’ demand. Therefore, this company like any other ECMC in the

industry, keeps inventories covering needs of the next 1-2 months in advance. To maintain

this inventory control, transportation logistics and implicated financial costs
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contribute a high percentage of total expenses in ECMCs. For instance, ECMCs buy raw

materials from foreign suppliers and pay for them instant on purchase. On the contrary, they

sell their products and gradually receive the related money returns (sales on credit) which can

last to even 90 days. As a result, there is an undesired expenses gap which calls for accurate

and monthly sales prediction to minimize or even eliminate this gap. Therefore, to help reduce

undesired inventory costs, achieve increased profits and maintain customer-satisfaction, these

manufacturers require or need an accurate sales prediction to make informed decisions hence

achieve balance and stability.

1.2 Motivation of the study

Sales is the backbone or pillar of any manufacturing/retail business (Hanssens et al., 2003)

and (Reddy et al., 1994). As simple as it is to use prior sales to predict the future, sales

data pose challenges due to the fluctuating market environment and the many attributes (P)

affecting sales volumes. However, it is unlikely that all P attributes are important when the

number of P is extremely large. A model that has the capability to best explain and give the

desired relationship with the least number of attributes, is our desired choice. As such, a

common approach would be to identify a smaller subset of predictors that have the largest

impact on our response variable or employ approaches that tend to penalize the remaining

predictors such that their estimated coefficients are either small or even zero. This problem

of fitting an appropriate model in the high-dimensional setting presented in this paper call for

techniques that can tackle these forms of problems which is our main focus in this research.

Therefore, we employ penalized regression models as our main focus to enable us;

1. Reduce the high dimensionality of sales information.

2. Select optimal important attributes affecting sales.

3. Build an accurate prediction model for future sales volumes.
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1.3 Problem Statement

When the number of features in a dataset exceeds the number of observations, we can never

have a deterministic answer. Therefore, it becomes impossible to find a model that can

describe the relationship between the predictor variable and the response variable since the

observations are not enough to train the model. This study wishes to systematically compare,

citing all restrictions and limitations of regularized approaches to come up with an accurate

and clear model to predict sales. Regularized or penalized approaches impose penalty to a

model for having too many variables. As a result, this process selects the most influential

predictors.

1.4 Objectives of the study

To build accurate sales prediction models, we will try to evaluate the following objectives;

1. Evaluating the performance of penalized techniques in analyzing high dimensional

data to build prediction models.

2. Systematically comparing the restrictions of penalized approaches to come up with an

approach which performs better than the rest.

3. To select/choose the attributes that contribute most to our model accuracy.

1.5 Significance of the study

Sales prediction is concerned with estimating future sales of companies. It plays a vital

planning role in ECMCs and influences many unavoidable decisions which can only be as

accurate as the predictions they are based on. This research looks at cable sales prediction in

the cable manufacturing industry and seeks to explore regularized approaches when dealing

with sales data to establish an approach that accurately simplifies
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sales information giving optimal variable section and an accurate prediction model, for data

informed decision making (Mentzer and Bienstock, 1998a) and (Mentzer and Bienstock,

1998b). Some of these informed decisions would include;

1. Raw material planning (RMP)

2. Inventory management

3. Labour-force scheduling

4. Capital budgeting

5. Distribution planning

With these done accurately, it is possible for a business to thrive, despite the competitive and

volatile business dynamics.
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Chapter 2

Literature review

2.1 Introduction

For every product category or brand, there exists a sales generating process (Hanssens et al.,

2003). The current business environment is highly competitive and constantly changing.

Accurate estimation of future sales, also known as sales prediction or sales forecasting,

whether short or long-term, can offer fundamental information to businesses and mostly to

companies in the manufacturing industry. In this section, we present reviewed related works

by several authors on sales prediction.

Most approaches that have been used in sales prediction have normally been time series

forecasting methods. These methods can either be defined as linear or non-linear given to the

nature of the model in question (Doganis et al., 2006). Linear models, such as autoregressive

moving average (ARMA), and autoregressive integrated moving average (ARIMA), (Song

and Esogbue, 2006) predict future sales based on previous sales only. For instance, in

a market setting, sales are more influenced by exogenous variables such as competition

, climatic data, effect of media, price changes or nonlinearity (Wang et al., 2013). Their

prediction ability is limited by their assumption of a linear behavior and as a result, it is not

always satisfactorily accurate (Zhang, 2003).

To address possible non-linearities in forecasting, a number of non linear methodologies

were introduced. These included the non-linear ARMA time series models. These had a

main limitation: which is the type of non-linearity is not known in advance and hence the

researcher needs to select the structure of the model by trial and error. Advanced artificial

intelligence techniques, such as artificial neural networks (ANN) (Kubat, 1999) and fuzzy

logic systems use more complicated generic model structures that can tackle complex data

6



and offer accurate time series models, by eliminating the time consuming trial and error

procedure.

The application of standard regression models to a group of explanatory variables to make a

prediction, sometimes leads to overfitting (Ranstam and Cook, 2018). This is both in terms of

the number of variables included in the final model and an overestimation of how the model

performs (Ranstam and Cook, 2018). Therefore, a selection of penalized/regularization

regression techniques are applied and these include; lasso, ridge, elastic net and relaxed lasso

(Ranstam and Cook, 2018).

Several studies have been done to compare these techniques. For instance, found that the

adaptive lasso, adaptive elastic net, elastic net, and lasso all had somewhat equal accuracies

and they all outperformed ridge regressions in terms of RMSE and correlation (Ogutu et al.,

2012).

With the advancement of computers, ANN have been extensively applied reason because

they have considerably promising prediction performance (Frank et al., 2003) and (Chang

and Wang, 2006). Artificial neural networks popularity is attributed by their capability to

simulate a wide range of underlying non-linear behaviours and to cover a broad variety

of fields (Chu and Zhang, 2003). They are better than many traditional or conventional

statistical prediction approaches. However, their sales prediction methods use gradient-based

learning algorithms, such as the back-propagation neural network(BPNN), which are prone

to over-fitting problems and long computation time still arise Sun et al. (2008).

Due to the increase in growth of use of ANNs, numerous studies have tried to implement

neural networks to time series forecasting and compared them with conventional methods.

However, the outcomes are not distinctly in favour of one specific methodology (Kuo et al.,

2002) and (Doganis et al., 2006). Looking at the various comparative studies between

traditional models and neural networks which have been done, different outcomes have been

obtained with regard to whether ANNs are better than the linear methods in forecasting or

not (Adya and Collopy, 1998) and Zhang et al. (1998).
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In this regard, many researchers have provided empirical confirmation on the comparative

preference of one method over the other under different forecasting scenarios (Nelson et al.,

1994), (Paliwal and Kumar, 2009), and (Kuo et al., 2002). The majority of these studies,

illustrate varied results on the effectiveness of the ANNs compared with the traditional

models like ARIMA (Wang et al., 2013). Since invention of neural networks, only few

studies have concluded that traditional methods have superior performance to or at least the

same performance as neural networks. A comparison study on neural networks’ performance

to traditional methods in time series forecasting (Tang et al., 1991) demonstrated that for

time series with long memory, both ANNs and Box-Jenkins models had the same results.

Additionally, (Foster et al., 1992) illustrated that exponential smoothing is better than neural

networks in yearly data forecasting.

Although it appears that neural networks may outperform conventional statistical methods

in forecasting time series with trend and seasonal patterns, (Nelson et al., 1994) found that

neural networks cannot properly model the seasonal patterns in their data. Also, (Callen

et al., 1996) showed that forecasting performance of linear time series models was better

than that of neural networks even if the data were nonlinear. (Church and Curram, 1996) and

(Ntungo and Boyd, 1998) demonstrated that neural networks performed nearly the same as

econometric and ARIMA approaches. Afterwards, (Heravi et al., 2004) showed that linear

models generate more reliable prediction results than neural networks for European industrial

production prediction.

(Ainscough and Aronson, 1999) compared neural network and regression analysis, in mod-

elling and predicting the results of retailer activity on the sales of definite products applying

scanner data. The results of their study, illustrated that neural networks had better perfor-

mance than regression model. In addition, (Qi, 2001) reported that ANNs are likely to do

better than other methods when the required data are saved as recent as possible. Although

statistical techniques have been proven effective for a long time, they still have definite

drawbacks (Chen and Ou, 2008), (Yip et al., 1997) and (Kuo and Cohen, 1998). For instance,

when the data is influenced by particular conditions, like promotion, the prediction results of

conventional methods are undesirable (Kuo and Cohen, 1998), (Kuo et al., 2002). As such, it
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is logical to anticipate having some level of non-linearity in the sales setting. However, tradi-

tional methods are not capable of modelling non linear relationships, hence most researchers

apply neural network models to curb these problems.

The contribution of neural networks compared to the traditional methods seems degraded

in some cases (Hill et al., 1994), their capability to model nonlinear relations and their

adaptation are highly attractive for most forecasting subjects (Zhang, 2004). Therefore,

advanced methods like neural networks could serve as more appropriate approximator

(Zhang, 2004) and would be more suitable for the time series sales forecasting than linear

models like ARIMA.

However, (Adya and Collopy, 1998) reviewed paper presented that regardless of the growing

applications of neural networks in prediction and more specifically in business prediction,

opinions and outcomes concerning their contribution are varied. They concluded that

assessing studies is complicated and lacks an obvious criteria. It means that, although

neural networks have acquired growing attention in the forecasting domain, resulting in

competent applications in time series sales forecasting (Crone, 2003), no single approach that

works best in every condition, and combining diverse methods is an efficient and effective

way to advance prediction accuracy (Zhang, 2003). In this regard, recent researches offered

good explanations of the hybrid ARIMA-ANN models or combination of other conventional

and ANN techniques (Zhang, 2003), (Aburto and Weber, 2007), (Aslanargun et al., 2007),

Jain and Kumar (2007) and (Díaz-Robles et al., 2008). An illustration by (Zhang, 2003)

recommended a hybrid ARIMA-ANN approach in which ARIMA was applied to model the

linear part and ANNs used to model the prediction errors. He showed that the hybrid method

outperformed both separate methodologies.

In addition, (Khashei and Bijari, 2010) proposed a new hybrid neural networks model.

They applied an artificial neural network ( p,d,q) model for time series forecasting to have

a more precise forecasting model than neural networks . The results of three real data

sets demonstrated that the proposed model was an appropriate way to advance forecasting

accuracy accomplished by neural networks.
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Both theoretical and empirical results have confirmed that combination of various models is

a successful way of enhancing the performance of forecasting models Khashei and Bijari

(2010). Accordingly, it appears logical to apply hybrid models in most sales predicting

domains. According to the presented reviews, numerous prediction methods have been

offered and each method has its specific advantages and disadvantages in comparison with

other techniques. However, none of the accomplished studies described offered a novel

technique for handling the problem of not having enough past records for predicting. However,

owing to these specific constraints in a market setting that is having numerous new items

with few historical data, existent forecasting methods are generally inappropriate. This

motivates us to systematically compare the performance of regularized approaches in cable

sales volume prediction.
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Chapter 3

Methodology

3.1 Introduction and Data Description

Traditionally, constructing predictive models, is usually the case where we have the number

of observations greater than predictors (n > p). P is the number of features, variables or

predictors while n refers to the number of observations. In other words, Variables of interest

in an experiment (those that are measured or observed) are called response or dependent

variables. Other variables in the experiment that affect the response and can be set or

measured by the researcher are called predictors, explanatory or independent variables. As

so n > p, has to be satisfied in order to obtain ordinary least squares estimates (OLS) for our

predictors in a standard linear regression setting (Greene, 1981). However, there scenarios

where we have p > n, where the number of predictors is larger than the number of sample

observations commonly in market setting. Our data for this research (sales data) is drawn

from the sales portal of one of the largest ECMCs in Kenya. This portal contains all the

inventory costs used in cable production input by a dedicated personnel. Among the many

variables listed, we picked up only 20 variables which were of interest to this study. These

variables are, raw material fillers used, aluminum metal used, copper metal used, XLPE

material used, PVC material used, lubricants costs, packaging material used, drum Material

used, SWA material used, scrap material sold, house wire cables produced, auto cables

produced, aluminum cables produced, steel conductors produced, battery cables produced,

flexible cables produced, armored cables produced, trade, flexible cables produced and sales

staff employed. We compiled 5 year monthly data to come up with our real dataset for the

study.
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Additionally, we set up three possible scenarios in a market setting to test our models as

outlined;

1. n > p

2. n = p

3. n < p

More on how this will be done is discussed in the next section. Our methodology will

involve, data simulation to train and test our data and the performance of our different

models discussed in the next sections. Our data throughout simulations will follow normal

distribution. This assumption is as a result of a normal curve laid on our real data as shown

in Figure 3.1.

Our aim is to produce a prediction model whose output (sales volumes) is accurate. We

will be doing partitioning of train and test data and also choosing a value for the tuning

parameter(s)(α and λ ).

For this, we will be making use of 5-fold cross validation as the approach of choice to select

the best value for our tuning parameters. This will consist of splitting our dataset into 5

equal-sized samples, before collectively fitting the desired model on 4 remaining samples

(i.e.,80% of the data is used as the training set) and evaluating the model’s performance

on the remaining single sample (i.e., 20% of the data is used as the test set). This is then

repeated for all five possible cases, where each of the five samples would be used once as the

test set. We will therefore compare our models using RMSE, MAE and R2. The model with

the lowest RMSE, MAE and the highest R2 will be our desired model. We begin by looking

at an overview of the regularized approaches presented in our study.

3.2 Regularized Regression Approaches

These are penalized regression methods that allow one to create a linear regression model

that is penalized, for having too many variables in the model, by adding a constraint in the

12



Figure 3.1: Histogram Presentation of Sales Data with a Normal Curve Fit.

equation (James et al. 2014,P. Bruce and Bruce (2017)). Also referred to as shrinkage or

regularization methods. These approaches are more continuous, and don’t suffer much from

high variability thus accurately tackle high dimensionality (Bühlmann and Van De Geer,

2011). They have been highly considered,and thus motivates this research. therefore, we

purpose to systematically compare them as outlined,

1. Ridge Regression

2. Lasso Regression

13



3. Relaxed Net

4. Elastic net Regression

we systematically look at the formation of each, taking note of their restrictions and advantage

in prediction.

3.2.1 Ridge Regression (RR)

Ridge regression was initially introduced as a solution directed at addressing the issue of

orthogonality and ill poised problem (Bühlmann and Van De Geer, 2011) resulting from

multi-collinearity or high-dimensionality. In ridge regression, coefficient estimates are

shrunk, reach exactly zero (unless λ = α), and thus the contrast with the Lasso through the

potential towards zero as the penalty parameter λ increases.

However, ridge coefficient estimates never implication that ridge regression is incapable of

performing variable selection. The rational of this method, variables with less contribution

shrunk towards zero but it incorporates all the variables in the model (Farebrother, 1976) ;

(Theobald, 1974). This is useful when all variables need to be incorporated in the model.

Thus, the need to compare these restrictions and see if it will perform better when the outcome

is a function of many predictors, all with coefficients of roughly equal size (James et al.

2014).

Model Development

In RR, we consider a sample of n observations,i.e, a training set data of (x1,y1), ....,(Xn,Yn),

each consisting p variables and a single response(outcome). The mostly used estimation

method is the least squares method which minimizes the residual sum of squares(RSS)

RSS =
n

∑
i=1

(yi−β0 −
p

∑
j=i

β jxi j)
2 (3.1)
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LRR(β ) =
n

∑
i=1

(yi−βo −
p

∑
j=1

β jxi)
2 +λ

p

∑
j=1

β
2
j (3.2)

which equals

RSS+λ

p

∑
j=1

β
2
j (3.3)

Just like least squares, in the cost function is altered by adding the penalty square of magnitude

of the coefficients

C = SSE +λ

p

∑
j=0

β̂
2
j =

n

∑
i=1

(Yi− ŷi)
2 +λ

p

∑
j=0

β̂ j
2
=

n

∑
i=1

[
Yi −

p

∑
j=0

β̂ jXi j

]2

+λ

p

∑
j=0

β̂ j
2

(3.4)

Which is also expressed as

C = (y−X β̂ )′(y−X β̂ )+λβ̂
′
β̂ (3.5)

Differentiating with respect to β̂ we get

−2X ′y+2X ′X β̂ +2λβ̂ = 0. (3.6)

then the Ridge regression estimator of β becomes

β̂Ridge = (X ′X +λ I)−1X ′Y (3.7)

Where λ ≥ 0 is the tuning parameter controlling the regularization. The greater the size of λ

the high the shrinkage. Whereas λ ∑
p
j=1 β 2

j is the penalty term which shrinks towards zero.

That is, as λ → 0,β̂ RR → β̂ RSS The rational of this approach is that it improves prediction

error by shrinking large regression coefficients in order to reduce over-fitting, but it does not

perform covariate selection and therefore does not help to make the model more interpretable.

It is important to select a good value of λ hence we employ cross validation.
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3.2.2 Lasso Regression (LR)

The Least Absolute Shrinkage and Selection Operator (Lasso) regression was first introduced

by Tibshirani in 1996, is a regression technique that performs both regularization through

penalizing and shrinking parameter estimates. It has the capability of doing variable selection

by shrinking parameter estimates to zero exactly (Tibshirani, 1996).

This technique uses ι1 penalty shrinks estimates to exactly zero when the tuning parameter is

large, thus performing variable selection,achieving sparsity with a clear and interpretable

model is the advantage of this model despite the loss of variables.

Model development

Just like the Ridge regression, LR is defined by,

LLR(β ) =
n

∑
i=1

(yi−β0

p

∑
j=1

β jxi j)
2 +λ

p

∑
j=1

|β j|= RSS+λ

p

∑
j=1

|β j| (3.8)

Let

(β̂ ) = (β̂1 . . . , β̂p)
T (3.9)

then the lasso estimates (α̂, β̂ ) is defined as

(α̂, β̂ ) = argmin
N

∑
j=1

(Yi−α −∑
j

β jxi j)
2 (3.10)

subject to ∑ j |β j| ≤ t

where t ≥ 0 is the tuning parameter.

The only change is that β 2
j in ridge is replaced with |β j| in lasso, the ι1 penalty . λ which is

the tuning parameter which controls the amount of shrinkage. In this case, coefficients are

shrunk to zero. This technique still employs cross-validation to come up with the best value

of λ our tuning parameter.
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3.2.3 Relaxed/Flexible Lasso

The relaxed Lasso was introduced by Meinshausen as a solution that extended, and addressed

shortcomings of the Lasso (Meinshausen, 2007). Its target was to improve the bias of Lasso

coefficients. To achieve the relaxed Lasso, a 2-step procedure is outlined,

Its estimator defined as,

β̂ = argmin

[
1
N

N

∑
i=1

(yi − xib)2 +λinitλrelaxed

p

∑
j=1

|b j|
| ˆβ j,init |

]
(3.11)

and the two steps are;

1. Fit the model with the Lasso penalty, and identify the non-zero coefficients.

2. Refit the same model without the Lasso penalty, while using only the covariates that

correspond to the non-zero coefficients identified in 1 above.

The fact that Lasso estimates are completely shrunk, it is biased to zero. Therefore, by refitting

the same model with the covariates selected from the Lasso model, without penalizing the

coefficients, we are in other words "relaxing" (removing the penalty) the results we would

obtain are simply the Lasso model.

3.2.4 Elastic -Net Regression (ENR)

This method was introduced by Zou and Hastie as a regularization approach which combines

both ridge regression and lasso regression to select the appropriate influential variables and

produce an accurate prediction model Zou and Hastie (2005). ENR aims at minimizing the

loss function as defined,

J(β ,λ1,λ2) =
p

∑
j=i

[
λ1|β j|+λ2β

2
j
]

(3.12)
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Consider (xi,yi), i = 1,2,3, . . . ,N, of i.i.d random vectors where (xi1,xi2, ....,xip) is the row

vector p observations for the ith sample unit and yi is the response vector.

We assume the response is centered and predictors are standardized. That is, ∑
N
i=1 yi,∑

N
j=1 xi j =

0 and ∑
N
j=1 x2

i j = 1, for j = 1,2, . . . , p.

For any fixed non-negative λ1 and λ2, then the elastic-net estimator is defined as

β̂enet = (1+λ2) = argmin

[
1
N

N

∑
i=1

(yi − xib)2 +λ1

p

∑
j=1

|b j|+λ2

p

∑
j=1

b2
j

]
(3.13)

In this case α is the controlling connecting parameter or mixing parameter between Ridge

(α = 1) and Lasso (α = 0). This gives us two tuning parameters, that is λ and α . When α is

set as 1 the model turns to ridge and so if set to 0 it produces Lasso model. It is therefore

important to set α between 0 → 1. In other words, ENR is a linear combination of the ι1 and

ι2 penalties. This technique just like a big fishing net, it’s flexible which is able to contain

many fish. Therefore, it is expected to give a better prediction and with optimal variable

selection.

3.2.5 Data Simulation and Design

To test the performance and validity of the proposed approaches, we present experimental

results on simulated data to mimic our real data from our ECMC. As stated, our simulated

data will assume normal distribution. Normal distribution because using our real data we

were able to overlay a normal curve. Under this assumption, we simulate 100 datasets to

mimic our real data. Thereafter, fit our models as outlined in below simulation design.

a) n > p

n = 60, p = 20

n = 36, p = 20

n = 24, p = 20
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b) n = p

n = 20, p = 20

c) n < p

n = 18, p = 20

n = 16, p = 20

In addition, we will then evaluate the RMSE, MAE and R2 values which are our metrics of

evaluation. Therefore, we will be able to compare the empirical results whenever parameters

are adjusted and theoretically be informed on which model works and in which setting.

Hence, we assess the prediction accuracy, overall model interpret-ability and robustness.

Set up.

For each of the cases, we fit the following models and assess their performance.

1. Logistic regression model with lasso penalty

2. Logistic regression model with ridge penalty

3. Logistic regression model with elastic net penalty

These models were built with R software using the glmnet package excluding the elastic net,

which requires an additional package, the caret package, due to the existence of two tuning

parameters. In addition, we apply cross validation approach to choose an appropriate value

for our tuning parameters i.e. λ , and then fit logistic regression models to our dataset with

the different regularization methods discussed under the different varying n, p conditions

shown above, and present thereafter results and analysis.
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Chapter 4

Results and Analysis
In this chapter, we present performance comparison of the three prediction models under the

adjusted values of p and n. These are three different scenarios testing the performance of

three different models. Our measures of performance are RMSE, MAE and R2 which well

be looking at for each model. First, we evaluate model performance on simulated data, select

the best performing model, then use it to fit our sales data.

4.1 n > p Scenario

In these scenario we did three adjustments on our p,n values. For (n=60,p=20), the Elastic

net model performed better compared to ridge and lasso based RMSE and MAE. However,

performance based on R2, the lasso model did the best as shown in Table 4.1.

Table 4.1: Comparison of regression models performance when n=60 and p=20

Model RMSE MAE R2

Elastic net 39,340,379 32,216,733 0.08977566

Lasso 39,774,772 32,569,428 0.09239257

Ridge 49,354,421 40,109,938 0.08930728

Under (n=36, p=20) adjustment, elastic net performed the best based on the values of RMSE

and MAE while based on R2 Lasso did extremely well as shown in Table 4.2.
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Table 4.2: Comparison of regression models performance when n = 36, p = 20

Model RMSE MAE R2

Elastic net 40,027,009 33,246,145 0.2009075

Lasso 40,061,285 32,956,201 0.1559531

Ridge 56,092,075 46,269,033 0.1763819

Still in n > p scenario, we adjusted (n=24 ,p=20). On this this particular adjustments, the

Elastic net model proved to be the best based on the values of the three metrics as shown in

Table 4.3.

Table 4.3: Comparison of regression models performance when , n = 24, p = 20

Model RMSE MAE R2

Elasticnet 39,542,737 33,582,773 0.2974244

Lasso 42,814,170 35,899,888 0.2529814

Ridge 61,429,503 50,669,563 0.2558258

4.2 n = p Scenario

This section presents the results of (n = p ) setting. Out this setting. In this setting Elastic net

still outdid the rest in terms of RMSE, MAE and R2 as seen in Table 4.4.
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Table 4.4: Comparison of regression models performance when the number of obeservations
is equal to the number of predictors n = 20, p =20

Model RMSE MAE R2

Elasticnet 36,420,875 30,918,412 0.3719545

Lasso 40,215,506 34,508,193 0.3537908

Ridge 54,568,443 46,536,368 0.3562105

4.3 n < p Scenario

This section presents thee last scenario of our study,(n < p). Under this scenario, we adjusted

our p and n values twice. In the first one (n = 18, p = 20), Elastic net performed better based

on RMSE and MAE. Contrary, based of R2 the ridge model did extremely good than all as

shown in Table 4.5.

Table 4.5: Comparison of regression models performance when n = 18, p = 20

Model RMSE MAE R2

Elasticnet 42,595,673 35,614,376 0.2839778

Lasso 43,482,498 36,376,549 0.3626423

Ridge 62,424,737 52,362,093 0.3738885

The second and final adjustment under this scenario (n = 16, p = 20), The elastic net gave the

desired model based that elastic net is the desired model. However based on R2 Ridge gives

the best model . However, based on R2 Ridge was the best model as shown in Table 4.6 .
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Table 4.6: Comparison of regression models performance when n = 16, p = 20

Model RMSE MAE R2

Elasticnet 39,676,031 34,136,704 0.4606201

Lasso 39,974,337 34,196,528 0.4928461

Ridge 55,793,738 48,202,767 0.5311499

4.4 Regression Model On Sampled Sales Data

Based on above results of models on simulated data. We choose elastic net as our desired

model and fit it on our real data. The results of elastic net on our real data gave below out

puts based on RMSE, MAE and R2 as shown in Table 4.7.

The obtained values of α = 0.3 and λ = 795669.6

Table 4.7: Elastic Net Regression model Performance Results on sampled sales data

RMSE.net MAE.net R2.net

2545127 2006233 0.99951

Elastic net regression model plot on variable selection is shown in Figure 4.1.
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Figure 4.1: Elastic Net Regression Model Variable Plot.
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Chapter 5

Discussion and Conclusion
This chapter presents a brief discussion of the analyzed results obtained in chapter 4 above.

These include, the simulated data results, model fit under different scenarios and the fit

model on our sampled data. We compared performance of three regularized approaches

systematically, under the selected varying values of p and n. To start, we present an overview

of our evaluating metrics on how they are used and present their obtained values under the

scenarios presented. Afterwards, analyze the performance of the models based on these

metrics

5.1 Evaluation metrics

In this section we look at our three evaluation metrics the Root Mean Squared Error (RMSE),

Mean Absolute Error (MAE) and R-SquaredR2. RMSE is the square root of Mean Squared

error (MSE), it indicates the absolute fit of the model to a data i.e. shows how close the

observed data points are to predicted values by the model. In other words, it measures how

accurately a model predicts the response. As a result, this metric is widely used to evaluate

the performance of regression models. The lower the value of RMSE the better the fit .

Mean absolute error represents the average of the absolute difference between the predicted

and the actual values in the dataset. It measures the average of the residuals in the dataset.

R-squared or the coefficient of determination represents the proportion of the variance in

the response variable or the output of a regression model i.e. the proportion of variance in

the dependent variable which is explained by the linear regression model. Its values are

neither small nor large i.e. it is a scale-free score its value is less than one. R2 explains how

well, the independent variables in the linear regression model explain the variability in the
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dependent variable. R-Squared increases with the addition of the independent variables. It

puts into account the number of predictor variables, and used to determine the number of

independent variables in a model. Both RMSE and R2 explain how well a model fits a dataset.

While the RMSE tells how well a regression model can predict, the R2 inform us on how

well the predictor variables can explain the variation in the response variable. RMSE is more

preferred for accuracy comparison among different prediction to R-Squared, however RMSE

is sensible to the inclusion of additional variables in a model, even if those variables don’t

have high significant contribution in explaining the outcome Kassambara (2018).

5.2 Model performance

We start with discussing our simulation results. In our simulation section, we explored

different scenarios. In (n > p) setting, results presented in Table4.1 , our aim was to choose

the model with the best prediction accuracy and interpret ability. From our first scenario,

Elastic Net gave the best prediction with the lowest RMSE and MAE values followed by the

Ridge and the the Lasso. Just like in the Zou and Zhang (2009) study, it was found that the

elastic net often outperforms RR and the lasso in terms of model selection consistency and

prediction accuracy.

Still under these scenario, we adjusted our n, p values and Elastic net did extraordinarily

well on both accuracy and interpret-ability. It showed the lowest RMSE and MAE and a

rather higher R2 . Lasso followed up based on RMSE and MAE but Ridge over-performed

Lasso based on R2. Our second scenario was where the number of predictor is equal to the

number of response variables. Under this setting, our results still gave Elastic net as the

desired model.

The final scenario and the highlight of this study (high dimensionality), p > n setting. Under

the first adjustments, Elastic net gave best prediction based of RMSE and MAE but Ridge

was superior based on R2. The final adjustment Elastic net gave the best prediction model

with the RMSE and MAE. However, even though elastic net possesses the oracle property
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and is more robust to multicollinearity, and hence would be expected to have high predictive

accuracy, it had lower accuracy than the RR and Ridge when evaluating using the metric R2.

Based on these results, we chose Elastic net which is a combination of Ridge and Lasso as

our best prediction model. Just like in Khashei and Bijari (2010), Elastic Net performed

extremely well compared to the aggregated approaches separately. Just like reviewed studies

on prediction using hybrid models Zhang (2003), Elastic net which combines both restrictions

of the Ridge and Lasso demonstrated superior performance. It dealt well with changing

market dynamics. Therefore, Elastic net became our desired prediction model and therefore,

we used it to fit our real sales data.The results on on Elastic net regression model on real data

was as presented on table above. Additionally, we tuned our variables of importance on our

model and got the displayed important variable plot shown previously.

5.3 Conclusion and Recommendations

In this research, we presented a complete outcome of comparison of sales prediction. The

methodology is particularly useful for manufacturers , i.e ECMCs whereby, with accurate

sales prediction, finance department is able to project costs, profits and capital budgeting.

The sales department will have a good estimates on sales volumes of each product and hence

able to plan for sales labour force. Management team(COO) is able to do production plan,

raw material acquisition and logistics correctly without incurring undesired expenses.

However, there are different inconsistencies with our results. For instance, elastic net

regression model has performed excellent on model prediction with the minimum error

across all scenarios i.e it produced the lowest number of RMSE and MAE. This proves

its flexibility capability to handle unavoidable changes in our today’s competitive business

dynamics. Despite having the most accurate prediction, Ridge and Lasso regression models

at some instances had superior performance. For example, in the scenario (n=18,p=20) and

(n=60,p=20) Lasso and Ridge regression did better compared to Elastic net regression when

evaluated using R2. Despite ENR model performing excellent based on RMSE and MAE its

still failed under different circumstances using R-squared as mentioned in above scenarios.
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Our expectations was that the best model (one with the smallest RMSE and MAE) would

have the highest R2. However, due to the sensible inclusion of additional variables in a model

by RMSE, the R2 Zou and Zhang (2009) is expected to be highest when RMSE is lowest

which varied. our recommendations for any further studies on this topic is to explain the

cited variation.
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Appendix A

R code
The code used in Chapter 3 and Chapter 4.

A.1 Data distribution

#Load data and view

salesdata <- read.csv('fulldata.csv')

# X-axis grid

options(scipen = 1000)

x <- salesdata$VOLUME

# X-axis grid

x2 <- seq(min(x), max(x), length = 400)

# Normal curve

fun <- dnorm(x2, mean = mean(x), sd = sd(x))

# Histogram

hist(x, prob = TRUE, col = "white",

ylim = c(0, 0.000000015),

main = "Histogram of sales with normal curve")

lines(x2, fun, col = 2, lwd = 2)
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A.2 Data Simulations

# Script to generate simulated data

# user function to generate 1 dataset

modata <-

function(ns, p){

# generate the dependent variable

VOLUME <- rnorm(n = ns, mean = 138904259 , sd = 38580046)

# generate independent variables

Staff <- round(rnorm(n = ns, mean = 20, sd = 5.86))

RMF <- rnorm(n = ns, mean =170361.0 , sd = 257607.4)

AUCc <- rnorm(n = ns, mean = 405081 , sd = 1114779)

HWC <- rnorm(n = ns, mean = 77517659 , sd = 21926460)

ARDC <- rnorm(n = ns, mean = 27390442 , sd = 11089646)

FlC <- rnorm(n = ns, mean = 5738664 , sd = 3218340)

AlC <- rnorm(n = ns, mean = 12459669 , sd = 13565400)

AlCOND <- rnorm(n = ns, mean = 14936867 , sd = 16733031)

STLC <- rnorm(n = ns, mean = 29281, sd = 36439.86)

SCRP <- rnorm(n = ns, mean = 174880, sd = 246958.6)

DRM <- rnorm(n = ns, mean = 228.0 , sd = 212.05)

TRD <- rnorm(n = ns, mean = 99791 , sd = 136066.8)

BATTC <- rnorm(n = ns, mean = 500263 , sd = 642952.9)

AlP <- rnorm(n = ns, mean = 14588855 , sd = 11045763)

CUP <- rnorm(n = ns, mean = 13311580 , sd = 13370810)

SWA <- rnorm(n = ns, mean = 26017821, sd = 5398313)

XLPE <- rnorm(n = ns, mean = 14496676 , sd = 4019579)

PVC <- rnorm(n = ns, mean = 16870734 , sd = 11191620)

LUB <- rnorm(n = ns, mean = 710932 , sd = 171378.3)

PAKM <- rnorm(n = ns, mean = 627604 , sd = 493629.2)
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# combine to data frame

df <- cbind(VOLUME, Staff, RMF, AUCc, HWC, ARDC, FlC,

AlC, AlCOND, STLC, SCRP, DRM, TRD,

BATTC, AlP, CUP, SWA, XLPE, PVC,

LUB, PAKM)

# Output the data

df[,1:(p+1)]

}

# Simulation multiplier

# generate many datasets in specific subfolders

multiplier <-

function(n = 50, ns2 = 60, p2 = 20, folder = "ngreaterp",

sub = "sim_60_20"){

# Set empty list

daf = list()

for(i in 1:n){

# create data

df <- modata(ns = ns2, p = p2 )

daf[[i]] <- df}

# Write out list as csv files

for(i in 1:length(daf)){

write.csv(data.frame(daf[[i]]),

file = paste0("simulation/", folder, "/", sub, "/",ns2,"_",i, '.csv'))

}

}
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# Generate instances where n > p

# 5 years (n = 60, p =20)

# set.seed

set.seed(432)

# get data

multiplier(n = 100, ns2 = 60, p2 = 20, folder = "ngreaterp",

sub = "sim_60_20")

# 3 years (n = 36, p =20)

# set.seed

set.seed(432)

# get data

multiplier(n = 100, ns2 = 36, p2 = 20, folder = "ngreaterp",

sub = "sim_36_20")

# 1.5 years (n = 24, p =20)

# set.seed

set.seed(432)

# get data

multiplier(n = 100, ns2 = 24, p2 = 20, folder = "ngreaterp",

sub = "sim_24_20")

###

# Generate instances where n = p

# 1 year (n = 20, p =20)

# set.seed

set.seed(432)

# get data

36



multiplier(n = 100, ns2 = 20, p2 = 20, folder = "nequalp",

sub = "sim_20_20")

####

# Generate instances where n < p

# 10 months years (n = 18, p =20)

# set.seed

set.seed(432)

# get data

multiplier(n = 100, ns2 = 18, p2 = 20, folder = "nlessp",

sub = "sim_18_20")

# 6 months (n = 16, p =20)

# set.seed

set.seed(432)

# get data

multiplier(n = 100, ns2 = 16, p2 = 20, folder = "nlessp",

sub = "sim_16_20")

A.3 Simulation of models

Script to fit model and store results

# load libraries

library(caret)
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library(elasticnet)

library(glmnet)

# Run ridge regression

ridger <-

function(x){

# create training and testing datasets

parter <- round(length(x$VOLUME) * 0.80)

traindata <- x[1:parter,-1]

testdata <- x[(parter+1):nrow(x),-1]

# 5 fold cross validation

ctrl <- trainControl(

method = "cv",

number = 5,

)

# fit model

rmodel <- train(

VOLUME ~ .,

data = traindata,

method = 'ridge',

preProcess = c("center", "scale"),

trControl = ctrl

)

# make predictions on test data

predictions = predict(rmodel, newdata = testdata)
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# get metrics

met <- cbind(n = nrow(x),

p = ncol(x)-2,

RMSE = RMSE(pred = predictions,

obs = testdata$VOLUME, na.rm = F),

MAE = MAE(pred = predictions,

obs = testdata$VOLUME, na.rm = F),

R2 = R2(pred = predictions,

obs = testdata$VOLUME, na.rm = F))

met <- data.frame(met)

# add model name

met$model <- "ridge"

# result

met

}

# Run lasso regression

mlasso <-

function(x){

# create training and testing datasets

parter <- round(length(x$VOLUME) * 0.80)

traindata <- x[1:parter,-1]

testdata <- x[(parter+1):nrow(x),-1]

# 10 fold cross validation

ctrl <- trainControl(

method = "cv",
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number = 5,

)

rownames(traindata) <- NULL

# fit model

lmodel <- train(

VOLUME ~ .,

data = traindata,

method = 'lasso',

preProcess = c("center", "scale"),

trControl = ctrl

)

# make predictions on test data

predictions = predict(lmodel, newdata = testdata)

# get metrics

met <- cbind(n = nrow(x),

p = ncol(x)-2,

RMSE = RMSE(pred = predictions,

obs = testdata$VOLUME, na.rm = F),

MAE = MAE(pred = predictions,

obs = testdata$VOLUME, na.rm = F),

R2 = R2(pred = predictions,

obs = testdata$VOLUME, na.rm = F))

met <- data.frame(met)

# add model name

met$model <- "lasso"

# result
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met

}

# Run elastic net regression

elasto <-

function(x){

# create training and testing datasets

parter <- round(length(x$VOLUME) * 0.80)

traindata <- x[1:parter,-1]

testdata <- x[(parter+1):nrow(x),-1]

# 10 fold cross validation

ctrl <- trainControl(

method = "cv",

number = 5

)

# fit model

rmodel <- train(

VOLUME ~ .,

data = traindata,

method = 'glmnet',

preProcess = c("center", "scale"),

trControl = ctrl,

tuneLength = 10

)
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# make predictions on test data

predictions = predict(rmodel, newdata = testdata)

# get metrics

met <- cbind(n = nrow(x),

p = ncol(x)-2,

RMSE = RMSE(pred = predictions,

obs = testdata$VOLUME, na.rm = F),

MAE = MAE(pred = predictions,

obs = testdata$VOLUME, na.rm = F),

R2 = R2(pred = predictions,

obs = testdata$VOLUME, na.rm = F))

met <- data.frame(met)

# add model name

met$model <- "elasticnet"

# result

met

}

# Function to run all models

modeller <-

function(x){

# model results

rd_result <- ridger(x)

las_result <- mlasso(x)

ela_result <- elasto(x)

# Combine results

result <- rbind(rd_result,
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las_result,

ela_result)

result

}

A.4 Modelling on Simulated Data

n the simulations

# source modeller script

source('models_script.R')

# load library

library(purrr)

library(dplyr)

# Models where n > p

# Set seed

set.seed(435)

# Results for 60 months

sixty20 <- list.files(path = "./simulation/ngreaterp/sim_60_20",

# Identify all csv files in folder

pattern = "*.csv", full.names = TRUE) %>%

lapply(read.csv) %>% # Store all files in list

map(modeller)

sixty20_df <- do.call(rbind, sixty20) # Combine data sets into one data set
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# write.csv

write.csv(sixty20_df, "./model_results/sixty_20_metrics.csv")

# Results for 36 months

thirty620 <- list.files(path = "./simulation/ngreaterp/sim_36_20",

# Identify all csv files in folder

pattern = "*.csv", full.names = TRUE) %>%

lapply(read.csv) %>% # Store all files in list

map(modeller)

thirty620_df <- do.call(rbind, thirty620) # Combine data sets into one data set

# write.csv

write.csv(thirty620_df, "./model_results/thirty6_20_metrics.csv")

# Results for 24 months

twofour20 <- list.files(path = "./simulation/ngreaterp/sim_24_20",

# Identify all csv files in folder

pattern = "*.csv", full.names = TRUE) %>%

lapply(read.csv) %>% # Store all files in list

map(modeller)

twofour20_df <- do.call(rbind, twofour20) # Combine data sets into one data set

# write.csv

write.csv(twofour20_df, "./model_results/twofour_20_metrics.csv")

# Models where n = p

################

# Results for 20 months
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twenty20 <- list.files(path = "./simulation/nequalp/sim_20_20",

# Identify all csv files in folder

pattern = "*.csv", full.names = TRUE) %>%

lapply(read.csv) %>% # Store all files in list

map(modeller)

twenty20_df <- do.call(rbind, twenty20) # Combine data sets into one data set

# write.csv

write.csv(twenty20_df, "./model_results/twenty_20_metrics.csv")

# Models where n < p

# Results for 18 months

eighteen20 <- list.files(path = "./simulation/nlessp/sim_18_20",

# Identify all csv files in folder

pattern = "*.csv", full.names = TRUE) %>%

lapply(read.csv) %>% # Store all files in list

map(modeller)

eighteen20_df <- do.call(rbind, eighteen20) # Combine data sets into one data set

# write.csv

write.csv(eighteen20_df, "./model_results/eighteen_20_metrics.csv")

# Results for 16 months

sixteen20 <- list.files(path = "./simulation/nlessp/sim_16_20",

# Identify all csv files in folder

pattern = "*.csv", full.names = TRUE) %>%

lapply(read.csv) %>% # Store all files in list

map(modeller)

sixteen20_df <- do.call(rbind, sixteen20) # Combine data sets into one data set

# write.csv

write.csv(sixteen20_df, "./model_results/sixteen_20_metrics.csv")
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A.5 Modelling on Sampled Data

# Analysis

## -----------------------------------------------------------------------------------------

# load library

library(flextable)

# read data

ngrp_60 <- read.csv("model_results/sixty_20_metrics.csv")

library(dplyr)

ngrp_60 %>%

group_by(model) %>%

summarise(mean_RMSE = mean(RMSE),

mean_MAE = mean(MAE),

mean_R2 = mean(R2)) %>%

regulartable() %>% autofit()

## -----------------------------------------------------------------------------------------

# read data

ngrp_36 <- read.csv("model_results/thirty6_20_metrics.csv")

library(dplyr)

ngrp_36 %>%

group_by(model) %>%

summarise(mean_RMSE = mean(RMSE),

mean_MAE = mean(MAE),
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mean_R2 = mean(R2))%>%

regulartable()%>% autofit()

## -----------------------------------------------------------------------------------------

# read data

ngrp_24 <- read.csv("model_results/twofour_20_metrics.csv")

library(dplyr)

ngrp_24 %>%

group_by(model) %>%

summarise(mean_RMSE = mean(RMSE),

mean_MAE = mean(MAE),

mean_R2 = mean(R2, na.rm = T))%>%

regulartable()%>% autofit()

## -----------------------------------------------------------------------------------------

# read data

nep_20 <- read.csv("model_results/twenty_20_metrics.csv")

library(dplyr)

nep_20 %>%

group_by(model) %>%

summarise(mean_RMSE = mean(RMSE),

mean_MAE = mean(MAE),

mean_R2 = mean(R2, na.rm = T))%>%

regulartable()%>% autofit()

## -----------------------------------------------------------------------------------------

# read data
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nlp_18 <- read.csv("model_results/eighteen_20_metrics.csv")

library(dplyr)

nlp_18 %>%

group_by(model) %>%

summarise(mean_RMSE = mean(RMSE),

mean_MAE = mean(MAE),

mean_R2 = mean(R2, na.rm = T))%>%

regulartable()%>% autofit()

## -----------------------------------------------------------------------------------------

# read data

nlp_16 <- read.csv("model_results/sixteen_20_metrics.csv")

library(dplyr)

nlp_16 %>%

group_by(model) %>%

summarise(mean_RMSE = mean(RMSE),

mean_MAE = mean(MAE),

mean_R2 = mean(R2, na.rm = T))%>%

regulartable()%>% autofit()

## -----------------------------------------------------------------------------------------

# read data

sales <- read.csv("salesdata.csv")

## ---- message=FALSE-----------------------------------------------------------------------

# load library

library(mice)

48



fd <- mice(sales,maxit=50,meth='cart',seed=500, m = 5)

fulldata <- complete(fd,1)

summary(fulldata)

# write full data

write.csv(fulldata,"fulldata.csv")

## -----------------------------------------------------------------------------------------

library(caret)

set.seed(345)

trainIndex <- createDataPartition(fulldata$VOLUME, p = .8,

list = FALSE,

times = 1)

salesTrain <- fulldata[ trainIndex,-c(1,2)]

salesTest <- fulldata[-trainIndex, -c(1,2)]

## -----------------------------------------------------------------------------------------

model.net <- train(VOLUME ~., data = salesTrain, method = "glmnet",

trControl = trainControl("cv", number = 10),tuneLength = 10)

model.net$bestTune

## ---- eval=FALSE--------------------------------------------------------------------------

## coef(model.net$finalModel, model.net$bestTune$lambda)

##

## x.test.net <- model.matrix(VOLUME ~., salesTest)[,-1]

## library(dplyr)

## predictions.net <- model.net %>% predict(x.test.net)

49



##

## data.frame(RMSE.net = RMSE(predictions.net, salesTest$VOLUME),

## MAE.net = MAE(predictions.net, salesTest$VOLUME),

## Rsquare.net = R2(predictions.net, salesTest$VOLUME))%>%

## regulartable()%>% autofit()

##

## -----------------------------------------------------------------------------------------

#source modeller script

source('models_script.R')

modeller(fulldata[,-1])%>%

regulartable()%>% autofit()

## -----------------------------------------------------------------------------------------

library(flextable)

#source modeller script

modeller(fulldata[1:20,-1])%>%

regulartable()%>% autofit()

## -----------------------------------------------------------------------------------------

# source modeller script

modeller(fulldata[1:16,-1])%>%

regulartable()%>% autofit()
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